Abstract-In 2010, There were more than forty million doctor visits of people with lower joints complaints, including more than one million surgeries involving total or partial hip, knee, and ankle replacement in the US. Generally, these procedures require some level of post-op physical therapy (PT), to recover most of the walking capabilities. Therefore, it is important to have a method to assess the walking capabilities of the patients in order to track their improvement over time. This paper presents a smartphonebased system to perform the Functional Gait Analysis test to assess the balance and fall risk of patients with walking difficulties. The paper addresses most of the shortcomings of current systems for the same purpose, including: 1) low cost, as it uses one off-the-shelf smartphone and the sensors embedded in it; 2) self-care, as it does not need of a specialist or physician; 3) mobile; 4) accurate, as it eliminates the ambiguities incurred by specialists; 5) information-based, as it enhances the diagnostic including other metrics that assess the gait of individual limbs and provides historical data to assess the evolution of the patient over time; and 6) easy to use and unobtrusive.
I. INTRODUCTION
In 2010, there were more than forty million doctor visits with lower joints complaints, including more than one million surgeries involving total or partial hip, knee, and ankle replacement in the US [1] , [2] . Generally, these procedures require some level of post-op physical therapy (PT), to recover most of the walking capabilities [3] . Therefore, it is important to have a method to assess the walking capabilities of the patients in order to track their improvement over time.
Gait analysis has proven to be a useful technique to evaluate the condition of patients that have gone through these procedures. Different methods have been used to analyze the gait of a person after surgery including kinematic analysis using motion cameras [4] , strength and endurance using specialized treadmills [5] , [6] , or walkways with different types of sensors [7] , [8] . The aforementioned approaches for gait analysis require of highly specialized and costly equipment in a specific location, usually the office of a physical therapist.
A common test performed by physical therapists that do not require highly specialized equipment is the Dynamic Gait Index (DGI) [9] and its less ambiguous version, the Functional Gait Assessment (FGA) [10] , which score the gait of a patient based on their balance and fall risk. These tests, which still require the presence of a specialist, are performed in a visual manner, so they may be subject to some errors compared to tests that collect data and provide results based on that data. This paper introduces a smartphone-based system for individual gait analysis for health promotion, monitoring and self-care of patients with walking difficulties. Although gait analysis has been used with mobile devices before, the focus has not been in evaluating the gait of an individual. Instead, the research has based gait analysis as a biometric feature for user authentication [11] , [12] . These approaches usually generate different set of templates for each individual, and use some type of distance measurement to compare the templates and authenticate the user. Consequentially, these measurements can be used as a regularity feature of the gait of an individual. However, these analyses normally target a complete gait cycle, and avoid step-by-step analysis, which can also provide a better and deeper information about the gait of an individual.
The proposed system consists of three modules designed to address all these shortcomings. The first module is the FGA test module, for balance and fall risk assessment. It is an easy to use module that does not require the presence of a physician and only requires a smartphone. The second module uses a set of algorithms to calculate regularity measures to assess the gait of the individual. This module enhances the assessment by looking at individual steps. Finally, the third module is the visualization and storage module for remote access and further evaluation by patients and physicians. This module allows the use of historical data to monitor the progress and evolution of the gait of an individual over time.
In summary, the smartphone-based system for individual gait assessment proposed in this paper presents the following contributions:
• The system eliminates subjective errors in the FGA test by using sensor data. This system relies only on the factory-default sensors that come with current smartphones. No additional or external hardware is required.
• The system promotes self-care, as it does not require the presence of a physician to do the assessment.
• Signal processing and filtering algorithms are used to obtain significant information from the raw sensor data. The approach does not use any machine learning techniques, which means that the system does not require any sort of training prior to use. Using filtering techniques and a newly proposed real-time step counting algorithm, the system is able to determine distance and time traveled, which are important factors in the FGA test.
• The system includes a limb detection mechanism to identify right and left steps, very important to determining the problematic limb.
• The FGA is extended with additional regularity measures such as Dynamic Time Warping distance (DTW), correlation and other statistical values which help to determine where the problem is. The remainder of the paper is organized as follows. Section II contains the related works, presenting the background for the algorithms and evaluation methods used and previous research in this area. Section III describes the groundwork of this paper, where the key concepts of the system design and its implementation are explained, including the modules and algorithms that are part of the system. Section IV includes the evaluation methodology and discusses the performance of the system and the individual algorithms. Finally, Section V concludes this paper and sets forth directions for future research.
II. RELATED WORKS
Clinical Gait Analysis refers to the process of determining what is causing patients to walk the way the do. It is an assessment process which can be used as additional input for clinical decision-making. Hereafter the term clinical is dropped, given that is the main focus of this paper. This section explains the most important concepts, methods, types of assessments, and methods used to quantify walking patters found in the gait analysis literature.
A. Gait Analysis Concepts
There are several commonly used concepts in gait analysis. In this section we define Gait Cycle, Stance Phase, Swing Phase, Step Length, Stride Length, Gait Symmetry, Gait Regularity, Stride Time, Cadence, and Walking Speed, which are the most important concepts found in the literature and the ones that most apply to our work.
Gait cycle is the main concept used in Gait Analysis since it is a representation of how a person walks. Gait cycle is normally defined as when a foot makes contact with the ground, usually with the heel in normal walking patterns [13] , followed by a step with the other foot, and the next time that the same foot makes contact with the ground [11] . By comparing multiple gait cycles, we can determine how variable this pattern is. Step and stride length.
The gait cycle is commonly divided in two main phases for a given limb: the stance phase, when the foot is in contact with the floor, and the swing phase, when it is not. The stance phase is approximately 60% of the gait cycle [14] , while the swing phase covers the remaining 40%. Figure 1 shows the gait cycle and its phases.
Two other important concepts in gait analysis are the step and stride lengths, which are spatiotemporal parameters [15] .
Step length refers to the distance between the same part of both feet after taking an step. Although it is expected that both feet cover similar distances, this is not always the case, and this explains why both feet are measured separately, as pictured in Figure 2 . When both feet cover the same distance we have a symmetric gait pattern, and asymmetric otherwise. The stride length, on the other hand, is the distance between the same part of one foot after two consecutive steps, i.e., the distance covered in one gait cycle. In gait analysis it is important to assess the gait symmetry, measuring the disparity between the left and right foot, and the gait regularity, comparing sequences of steps or gait cycles [16] .
Finally, we have the concepts of stride time, cadence, and walking speed. Stride time represents the duration of one gait cycle. This parameter along with the single limb support (SLS) and double limb support (DLS) can help determine the duration of each of the phases of the gait cycle. Cadence represents the steps per minute of the patient and is used to calculate the walking speed (shown in Equation 1). Stride length is preferred in this equation due to the difference that can be found between right and left step length.
Walking speed = cadence × stride length 120 (1)
B. Gait Analysis Methods
Fundamental to gait analysis is the approach taken to collect, detect, and measure all the parameters mentioned in the previous section. There are three main approaches: Machine Vision Based (MV), Environment Sensors Based (ES) and Wearable Sensors Based (WS) gait analysis [12] , [17] . The first two approaches, MV and ES, are not considered in this paper given the need of extra and expensive equipment [17] that also restrict the test to be performed at a designated place, and the discomfort that these tests can cause on the patients [18] .
The third approach, using wearable sensors, removes the constraint of a specific location, giving the ability to create ambulatory and wearable systems [18] . Accelerometers, gyroscopes and magnetometers are the most common sensors utilized in ES systems [16] , [18] . These sensors tend to be inexpensive compared to the equipment required for the previous two approaches. Although these sensors usually provide signals and data of lower quality, current wearable sensors along with filtering techniques have proven to be effective in gait analysis [19] , [16] , [18] , [20] .
The problem with wearable sensors is that they can be obtrusive to the patient. Most of the current approaches utilize more than one sensor attached to the body of the patient to detect the different gait parameters. For example, to identify the asymmetry, some works have attached up to four wireless gyroscopes to the subject and required a specialized environment to collect and process the data. Additionally, it is not trivial where to wear the sensors. Our proposed system removes all these drawbacks by using just one off-the-shelf smartphone and its embedded sensors.
C. Functional Gait Assessment
The Functional Gait Assessment (FGA), is based on the Dynamic Gait Index (DGI), which consist of 8 tests to measure the fall risk in older population or people with vestibular disorders [9] . The main problem with the DGI is that the tests are performed in a totally subjective manner, where the results of each of the tests depend on the opinion and observations of the specialist [10] .
The FGA tries to address this subjectivity by setting quantifiable parameters for each of the tests. Among these parameters are the completion time, deviation from a straight path, and changes in walking pattern. Others parameters might be included/removed depending on which test is being performed. Additionally, the FGA removes one of the original tests of the DGI and adds 3 additional ones, for a total of 10 tests. Similarly to the DGI, each of the tests is graded in a 4-level scale, from 0 to 3, being 3 the best possible outcome, for a total of 30 points, where 24 points or less could indicate increased fall risk on the patient [10] .
To be able to perform the FGA, a 20 ft (6 m) walkaway is required. This walkaway should be marked with a walking path 12 inches (30.48 cm) wide. Additionally, it also requires a shoe box, or an item of similar size, that will work as an obstacle on one of the tests, and a set of stairs is required for another one. Most of the tests require the patient to stay within the path, and will take out points on each of the tests based on how much the patient deviates from the center of it. This can be easily done by the specialist placing marks on the floor where each of the limits are 6 inches, 10 inches, and 15 inches away from the walking path. Figure 3 shows the complete set up.
Although the FGA tries to address the ambiguity produced by the DGI test, the observational nature of it still adds some level of ambiguity in the results given that two specialists may take out points based in part on their own criteria or experience. An example of this is presented in [10] , where the physician considered additional factors in the test involving the stairs. As far as we know, there are no approaches in the literature addressing this ambiguity in the FGA tests using the methods presented in this paper.
D. Quantifying Walking Patterns
In signal processing, the autocorrelation function has been widely used to find repeating patterns in a given signal. In gait analysis this is useful in combination with wearable sensors signals, such as accelerometers and gyroscopes, to detect steps and gait cycles and the frequency of occurrence for each of them by detecting the first and second dominant period of the signal, respectively, In [21] , [19] , the authors demonstrated that when the coefficient of the first dominant period A d1 (shown in Figure 4 ) has a low value, this can be the result of two reasons: low regularity between steps or a systematic asymmetry between left and right steps. The first case will also result in a low second dominant period A d2 , because there is also a low regularity between strides. In the second case, A d2 tends to be higher than A d1 . Hence, values of A d1 and A d2 close to 1.0 represent the regularity of steps and strides, respectively, while a value of the ratio A d1 /A d2 close to 1.0 represents the symmetry. To be able to get these values, they used a normalized unbiased autocorrelation function, where every value is generated using Equation 2 and then normalizing them using Equation 3 , where X i is the i-th value of the raw signal from the accelerometer, N is the number of samples, m is the lag variable, S m is the correlation coefficient at lag m, and A m is the normalized coefficient.
Dynamic Time Warping (DTW) is used to find the similarity between two signals. One of its features is that the signals do not need to be of the same length or duration, contrary to the correlation function. The similarity is based on a distance measure that varies depending of the implementation of DTW used. The most widely used distance function tends to be the Euclidean distance, but other implementations have been proposed, such as using derivative estimates to generate a better matching function [22] . This distance is calculated creating the minimum warping path between the signals; the higher this values is, the more dissimilar the signals are.
The classic DTW consists of taking two time series S = s 1 , s 2 , ..., s n and T = t 1 , t 2 , ..., t m , where n and m are the length of the signals S and T , respectively, and constructing the nxm distance matrix, where the (i, j)-th element of the matrix is calculated using Equation 4, as follows:
The warping path is defined as W = w 1 , w 2 , ..., w K , where max(n, m) ≤ K < m + n − 1, and the k-th element is represented by W k = (i, j) k . The warping path needs to comply with certain conditions:
• Boundary condition: w 1 = (1, 1) and w K = (n, m) • Continuity: Given w k = (i, j) and w k+1 = (i , j ), then i − i ≤ 1 and j − j ≤ 1 • Monotonicity: Given w k = (i, j) and w k+1 = (i , j ), then i − i ≥ 0 and j − j ≥ 0, and (i − i) + (j − j) > 0 It is also noted that the continuity and monotonicity conditions can be further relaxed or more constrained to force the warping path to stay closer to the diagonal of the matrix [22] . As a consequence, there are several warping paths that can comply with the previous conditions, DTW is only interested in the warping path with the minimum distance. To do this in an efficient manner, we can calculate the distance using dynamic programming with the following recurrent function:
Hence, the DTW distance for S and T can be expressed as: DT W (S, T ) = ρ(n, m)
III. SYSTEM DESIGN The proposed system evaluates the gait of an individual by automatically detecting and segmenting steps, differentiating between left and right, and performing a signal processing analysis on the data to obtain different regularity and similarity measures. The system uses a client-server architecture to exchange, store, and visualize the information. It uses the accelerometer readings for the step detection with a new proposed algorithm to perform the detection in real-time, which allows the start and end of each test or experiment to be detected automatically. Linear interpolation is also used to create a constant period on the signal, eliminating some of the jitter that is produced from the sensor timestamps. Next, the first and second dominant period are extracted from the autocorrelation to detect the cadence, symmetry, and regularity of the signal [21] . The rotation vector sensor readings are used to differentiate right and left steps by detecting the rotation (azimuth) of the individual trunk. Finally, the DTW is applied to each separate step to provide a deeper analysis and comparison between individual steps [22] .
In order to perform the assessment, the user is asked to perform the tests included in the FGA [10] with the mobile device attached to the lower back for data gathering. The system records the data from the different sensors, such as the accelerometer, gyroscope, and rotation vector, and sends the data to the server for post-processing and storage to be later reviewed by the specialist or patient. Figure 5 depicts a complete picture of the system. The previously proposed system was implemented and tested in a Google Nexus 6 smartphone running Android 6.0.1 (API Level 23), and a Ruby on Rails server running Rails 4.2.4 and Ruby 2.2.3 with a PostgreSQL 9.4 as the supporting database to store the information. The serve was an Intel Core i5-2450M CPU @ 2.50GHz machine with Linux 4.2 OS.
A. Step Detection
The proposed system uses the patient step length as input and the automatic step detection algorithm to detect when the user has covered the 20 ft walking path required by the FGA Fig. 6 . Energy of the accelerometer signal, before and after filtering, and after the thresholds (B1 and B2) are detected. Vertical dashed lines indicate detected steps. End of swing phase is occurring at the beginning of this segment.
test. For the step detection the algorithm, we modified the implementation presented in [23] , as follows:
• Post Analysis: The original implementation collects all the data and performs the step and activity recognition after the experiment or test is done. For our system, the steps need to be detected as soon as they happen.
• Long segments for analysis: The algorithm in [23] uses change in direction and human activity to segment the data and remove the drift and bias that the sensors produce over time. These segments end being large and covering several seconds, which translate to a slow reporting rate for a live detection system. Also, it was discovered that steps that occurred between two segments, i.e., the swing phase started in one segment and ended in the next (see Figure 6 ), were not detected given that each of the segments was treated independently. To solve these two problems, our step detection algorithm is based on samples collected and introduces new state variables to preserve the state between segments. Instead of segmenting the signal when a turn or change of activity is detected, the new implementation collects a specified number of samples for each segment and then proceeds to perform the step detection algorithm. The second modification, adding state variables, brings two improvements. First, the conservation of the state between segments permits to count all the steps. And secondly, with the introduction of new state variables, some of the operations of the original algorithm are omitted and not calculated, such as the calculation of B1 and B2, which represent the swing and stand phase in Figure 6 , that are calculated by digitalizing the signal when it goes above the threshold T or below −T , respectively. Further, some other operations are done together, such as the calculation of the energy of all the samples in the segment and the bias of such segment. The three introduced state variables are: prev high that indicates when the previously lookup sample was in a high peak (an energy value above a threshold T ), look f w that indicates when the algorithm is in the search window for a low peak (an energy value below −T ), and a counter, which counts the remaining samples of the search window to find a low peak. These three variable values are maintained between the analysis of segments.
As with the original algorithm there are some functions and concepts that are preserved. Given a segment of N samples of the acceleration signal A = {a 1 , a 2 , . . . , a N }, where each elements is a three-dimensional measurement a i = {a xi , a yi , a zi }, the energy of the signal is given by the Euclidean norm shown in Equation 7 , its bias by Equation 8 , and the average moving window (AMW) filter expressed in Equation 9 , where w is the window size. The entire new algorithm is presented in Figure 7 .
First, the algorithm declares its initial state in lines 1 and 2; this is where the previously mentioned new state variables are also initialized. Then, the energy for all the samples and bias for the segment are calculated inside the same loop in line 4; this saves one pass through the segment. Next, with the previously calculated energy and bias, the AMW of each sample is calculated in line 6. Finally, each resulting sample is analyzed depending on the current state of the algorithm. Just as in the original algorithm [23] , a step is detected when a high peak is followed by a low peak within certain distance (the search window). As a consequence, B1 and B2 are not needed in this algorithm, which saves further passes through the segment. It is also noted that the search window can be further expanded or shortened, for low or high cadence.
After enough steps are detected that determine the end of a test, the collected data of the accelerometer and rotation vector sensors are sent to the server using the HTTP protocol and JSON format to encapsulate the data.
B. Gait Metrics 1) Autocorrelation:
The Ruby on Rails server, which receives the data, is in charge of storing and processing the data for further analysis. The autocorrelation of the acceleration signal Y-axis, given that the phone is in a fixed position, is calculated using Equations 2 and 3, after applying a linear interpolation to the signal to equalize the timing between each sample. Then, the dominant periods A d1 and A d2 are found using the peak finding algorithm described in [11] , but to find high peaks instead of the low ones (valleys) on the signal, returning the exact position of the occurrence of each dominant period on the signal. This is represented in Figure 8 . From the time at which A 1 occurs, the cadence of the patient can be directly extracted.
1: prev high, look f w ← f alse 2: counter ← 2w 3: procedure STEPDETECTOR(A) 4: Calculate Energy(Eq. 7) and Bias(Eq. 8) for A 5:
if look f w = f alse and s ≥ T then 8: prev high ← true 9: next iteration 10: else if look f w = true then 11: counter ← counter − 1 12: end if 13: if prev high = true and s < T then 14: prev high ← f alse 15: look f w ← true 16: end if 17: if look f w = true and s ≥ T then 18: look f w ← f alse 19: prev h igh ← true 20: counter ← 2w 21: next iteration 22: end if 23: if look f w and s ≤ −T then
24:
Step detected 
2)
Step Segmentation: Using the interpolated Y-axis accelerometer signal, the steps are extracted using [11] again, but this time passing the negative of the signal, which was the original intention of the algorithm, and segmenting and extracting the steps from these signals. The resulting timestamps in which the signal was segmented are also used to segment the rotation vector X-axis signal, which measures the rotation of the trunk (azimuth). After the steps are segmented, they are converted to units of percentage of completion of the step from the absolute time. This makes all the steps match the same scale when plotted [13] , as shown in Figure 9a .
3)
Step differentiation: In this paper we refer to step differentiation as the ability to automatically distinguish between left and right steps. This is achieved using the segmented rotation vector signal from the previous point, and looking Figure 10a) , and a negative slope indicates a right step (See Figure 10b ). This can be easily done by looking at the first and last sample of each rotation segment. Furthermore, the most significant step to differentiate is the first one, given that each next consecutive step is the opposite to the previous one.
Step differentiation is very important in our analysis and assessment, as it helps the specialist to determine which limb is presenting problems.
4) DTW:
After the differentiation, each step is compared against one another using the DTW formula shown in Equation 6, creating a comparison matrix between all the steps. Also, all the values are averaged out to obtain an average DTW distance between the steps. An example of this can be observed in Table I and Table II , where only half of the table is filled given that the DT W (S, T ) = DT W (T, S) and the DT W (S, S) = 0. Contrary to the autocorrelation, the closer the value to 0, the better because it means that there is less of a difference between the two steps compared. Also, the steps are separated in left and right steps and averaged independently to find any isolated irregularities on each limb separately. 
IV. EVALUATION
Each of the modules was tested with three different sets of tests: bare foot, left leg impediment, and right leg impediment. To simulate the impediment, a high shoe was worn in the corresponding foot, which introduces a 1 inch difference between the legs. A simple belt was used to hold the phone against the lower back of the user who was instructed to walk 10 steps in each of the tests. Each test was repeated 10 times.
For the mobile application and step detection, the sensors were set at a sampling rate of 50Hz to collect the data. The segments to be analyzed were limited to 500ms, the energy threshold was set to T = 0.45, and the window for sample filtering was set to w = 5. Each of the runs for this module was tested by counting the number of steps manually and comparing them against the moment when the algorithm told the system to stop, that it should be exactly after walking 10 steps.
As it can be observed from Table III , the system provides a really good accuracy in terms of absolute error, with a maximum of 3 missed steps and a mean absolute error of approximately 1 for the different tests. The source of this missed step was tracked to the beginning of each test, where the first step is somewhat different from the other ones, given that this step starts at half the swing phase (See Figure 9a) . For the case when the algorithm introduced extra steps, one of the possible conclusions is that the device was not attached tight enough to the back of the patient, which may have led to the phone bouncing and introducing some noise in the signal that was interpreted as steps by the algorithm. for when the person is walking normally and compare them to the other two cases when there was an impediment, we observe lower values for A d1 on both cases, meaning less regularity between steps. Now, as it was discussed in Section II-D this can be due to different reasons. In the case of the right impediment, the value of A d2 stays high, meaning that there is a systematic asymmetry between the steps, i.e., there is a problem in one of the steps that repeats on each cycle. In the case of the left impediment, the value A d2 is also lower than that with no impediment, meaning that there is a constant irregularity between the cycles as well. As a consequence, and although there is only a reduction of 16.6% of the A d2 metric, there is an increase of almost 60% in the general difference between steps represented by DT W . To determine which leg is the one presenting the problem, we need to look at the values of DT W R and DT W L , which represent the difference between right and left steps, respectively, in an independent manner; the one with the highest value is the leg presenting most problems as a result of the bigger difference.
V. CONCLUSIONS AND FURTHER RESEARCH
This paper presents a system to help physicians and patients perform clinical gait assessments with the sensors embedded in current off-the-shelf smartphones. Contrary to current solutions, the system is an easy to use, inexpensive, self-care mobile solution. It consists of a mobile application with a new real-time step detection algorithm and a server back-end application that stores the data and extracts the different gait metrics from such data.
The performance evaluation shows very good results for the new step detection algorithm with approximately ±1 absolute error. We also show how to use the autocorrelation of the signal and its first two dominant periods, and the DTW to determine the similarity between the steps and more importantly, which leg is the one presenting the problem.
Future work is under way to use the same system to assess the balance of the individual while walking through the walking path for the FGA assessment.
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